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To allow automatic assessment of computed tomography (CT) images of long 
bones, the identification of the location of regions of interest is important. The 
distance between the distal and proximal styloids may act as reference points for 
bone length; however, the locations of the distal and proximal growth plates 
represent further important reference features. The current methods to locate 
these feature positions are manual. In this project, we attempt to find these 
feature positions automatically. 
A CT data set was split into two subsets, a development set, and a validation set. 
We first extracted basic information from the stack and re-sequenced the slices 
from proximal to distal in the pre-task. A calibration phantom and its 
compartments are automatically located. Calibration equations are used to adjust 
all intensity information to a common scale. For segmentation, three methods 
were used to detect the region of interest (tibia and radius): Search-Box, 
Search-Outline and Center Compare-Outline. These methods track the bone of 
interest from midshaft to both distal and proximal styloids with an outline and 
 iv 
extract information such as slice-based region of interest (ROI) area, intensity, 
intensity standard deviation, trabecular bone density, center of bone etc. Using 
this information, with the assumption that the area relationship between inner 
growth plate and midshaft won’t change much, the position of the end of the 
growth plate directed to the midshaft is detected. Further, the position of the 
styloids relative to the growth-plate position is estimated.   
The contour success rates for the ROI for Search-Box, Search-Outline and Center 
Compare-Outline were 81.9%, 84.7% and 91.5% for legs and 63%, 83% and 
89.3% for arms, respectively. The success rates for the growth-plate position 
estimation for Search-Box, Search-Outline and Center Compare-Outline were 20%, 
77.5% and 85% for the leg development set and 10.5%, 64% and 74% for the leg 
validation set. The success rates for the arm development set was 11%, 67% and 
53% and for the arm validation set 6%, 50% and 45%, respectively.  
The Center Compare-Outline is the best method for its high success rate for 
contour and feature position estimation. It doesn't rely on the orientation of the 
bone as the other methods do. The whole stack gets analyzed satisfactorily while 
only one threshold based on the center slice is used.  
 v 
One strength of our method is its automaticity. It only requires a small amount of 
manual input to assign the distal-proximal direction and to give each bone a seed 
point; the rest is done automatically. Sometimes there are errors in the 
growth-plate search process, so visual assessment of the result with possible 
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1.1 Osteoporosis  
Osteoporosis is a disease, in which bone loses density leading to an increased 
risk of bone fractures. All bones are affected by osteoporosis. Osteoporosis 
occurs when bones lack minerals like calcium and phosphorus, which cause 
bones to become fragile. A minor bump, bending over, even coughing can lead 
to serious fractures. Fractures can result in serious consequences, such as 
disability and death.  
In the United States today, more than 40 million people either already have 
osteoporosis or are at high risk [1]. 50% of all women over the age of 60 and 
50% of all men over the age of 70 have osteoporosis. Each year osteoporosis 
leads to more than 1.5 million fractures, which includes 300,000 hip fractures, 
700,000 vertebral fractures, 250,000 wrist fractures, and more than 300,000 
fractures at other sites, at a cost exceeding $13 billion [2]. The medical 
expenses are not the only costs to consider; osteoporosis reduces the quality of 




1.2 Bone Density Screening 
Osteoporosis has no outwardly visible symptoms until the first fracture occurs. 
So, the diagnosis of osteoporosis at an early stage is of great importance. The 
method to detect osteoporosis is bone density screening.  
Currently, the most commonly used method for bone density detection is 
dual-energy X-ray absorptiometry (DXA). It is easy to perform and has a low 
exposure to radiation. Radiographic absorptiometry is another method which 
uses standard equipment, but the images need to be sent to an analyzing 
center to be interpreted. Ultrasound is a relatively new method for bone density 
assessment. An ultrasound beam is used and the patient is not exposed to 
ionizing radiation. However, the results are not as precise as with the other 
methods. A further method to assess bone density is quantitative computed 
tomography (QCT), which is discussed in more detail below. 
1.3 Quantitative Computed Tomography 
Quantitative computed tomography is a three-dimensional technique to 
measure bone mineral density (BMD). The measurements can be used in the 
spine and long bones, such as proximal femur, forearm, and tibia. QCT uses the 
average of attenuation numbers (CT numbers) to determine true bone density 
in g/cm3.  
One advantage of QCT is its ability to separate cortical and trabecular bone and 
to provide bone geometry and density information. Compact or cortical bone is 
 3 
the outer layer of the bone, which surrounds the interior trabecluar bone. 
Trabecular bone first experiences bone loss since it shows more active 
metabolism, so the loss of trabecular bone is the most sensitive indicator of 
bone change. Since all other methods can’t separate cortical and trabecular 
bone, QCT provides the most reliable results by focusing on the trabecular bone 
[3].  
Cortical thickness is another important parameter. In the long bones, shaft 
strength greatly depends on cortical thickness. QCT is the best way to quantify 
this parameter since other methods that rely on projection cannot evaluate 
cortical thickness under all directions [4]. Also, QCT offers better precision as 
compared to other measurements.  
Another bone-strength parameter is represented by the structural strength 
calculation of bones under given loading condition. The connection between 
bone strength, BMD obtained by QCT, and bone geometry have been 
demonstrated in several studies at the spine [5,6], distal radius [7,8], and 
proximal femur [9-11].  
Bone mass measured using DXA does not fully evaluate the strength of the 
bone. Full geometric information is necessary to accurately estimate bone 
strength. QCT obtains volumetric scans of skeletal sites and allows estimation 
of 3D bone geometry at the whole bone level. This can be used to assess the 
bending strength of bones in vivo [12].  
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In summary, QCT provides good risk assessment for fractures, allows diagnosis 
of bone disease and is also an excellent tool to monitor the effect of disease 
















2.1 Types of CT Scanners 
Peripheral QCT is a specialized QCT method. It measures peripheral parts of 
the body like the forearm and distal part of the leg. Specialized scanners 
developed by Scanco [14] Stratec [15], have been used for human and large 
laboratory animals. These scanners typically estimate BMD using a small 
number of axial slices of the long bones and are calibrated to their own 
reference scale.  
Commercial whole-body QCT scanners measure many cross-sectional slices to 
reconstruct a volumetric density distribution. Additionally, cortical density and 
geometry information can be acquired by spanning the entire long bone. With a 
commercial whole-body scanner, a calibration phantom is needed to convert 
from Hounsfield units (HU) to a physically meaningful unit (mg/cm3). A typical 
CT resolution in a stack is 0.5mm in the x and y directions; in the z direction the 
distance between slices ranges between 0.5 mm and 1.25 mm.  
2.2 Calibration Phantom 
CT scans taken with different CT scanners are measured under different 
conditions. A calibration phantom is used to adjust the measurements to a 
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common scale. With a calibration phantom correction, the region of interest 
(ROI) output from the images is transformed to the same scale to minimize the 
effect of different measurement conditions [16]. The calibration phantom 
serves as a reference for measuring CT numbers of unknown materials. The 
known density properties of the materials in a phantom are related by a linear 
regression to acquire CT numbers. This relationship is then used to express the 
patient CT numbers in phantom density units. The calibration phantoms consist 
of three to five compartments with a series of graduated reference materials. 
In a CT measurement, the phantom can be placed under the patient and 
imaged concurrently with the patient. As shown in Figure 1, the CT calibration 
phantom we are using is a Mindways Model 3, which contains 5 tubes of 
reference materials of known density [17]. 
 
Figure 1: CT Calibration phantom in a CT image. This phantom below the human legs consists 
of five compartments with a series of graduated reference materials. 
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2.3 Density Estimates 
The Mindways Model 3 phantom uses water-equivalent and K2HPO4-equavalent 
densities to express the actual composition of the reference materials. The 
relationship to K2HPO4 is expressed as: 
refHPOKrefwaterROI   42                   (1)     
ROI  is the CT number of the 50% central area of each tube compartment. 
water and 42HPOK are water-and K2HPO4-equivalent densities of the material 
within the measured ROI. ref is the parameter defining the response of the CT 
scanner to K2HPO4. ref is the parameter characteristic of the CT number scale. 
Equation (1) can be changed to  
                  r e fH P OKr e fw a t e rR O I   42                    (2)               
The left side waterROI   can be seen as y , 42HPOK can be seen as x . So the 
equation can be modified as baxy  . water and 42HPOK values are already 
known as shown in Table 1. ROI  can be obtained via image evaluation 
software. Since we have one set of y  and x  for each compartment, all 5 
points can be plotted in a ( waterROI   ) vs. 42HPOK plot as in Figure 2. With the 
five known points, a line as in Figure 3 can be drawn based on a linear 
regression. According to the line, a  and b  values, namely ref  and ref , 
can be calculated. 
 
 8 
Table 1: Typical composition of various solid reference materials for model 3 CT calibration 
phantom 
Typical composition of various solid reference materials 
Reference rod Eq. H2O density[mg/cc] Eq. K2HPO4 density[mg/cc] 
A 1012.2+/--2.3 -51.8+/-0.1 
B 1057.0+/-1.9 -53.4+/-0.1 
C 1103.6+/-1.7 58.9+/-0.1 
D 1119.5+/-1.8 157.0+/-0.3 
E 923.2+/-2.1 375.8+/-0.9 
 
 
Figure 2: Plot of ( waterROI   ) vs. 42HPOK for a sample image. The y-axis represents the raw 
CT values from an image. The X axis represents scaled values in the Mindways K2HPO4 
scale. 































Figure 3: Linear regression is used to connect the five points in Figure 2. The equation of this 
particular line is 9287.524081.2
42
 HPOKwaterROI  . 
This final procedure was performed to transform image information acquired 
from different scans to a common scale. The following adjustments are from 
Calibration Phantom User’s Guide [17]: 
                         2174.0 refCT                           (3) 
                         6.999 refCT                            (4) 
In the equation, 
                         42H P OKCTROICT
 
   ,               (5)      
with known CT  and CT , the bone density 42HPOK  can be estimated from 
the CT number ROI  of the region of interest.  
 






























2.4 Long-Bone Geometry  
A long bone (Figure 4) is one type of bone in the human body, which has much 
greater length than width. A long bone features a shaft surrounding a central 
cavity containing trabecular bone, marrow and fat. Most limb bones are long 
bones. The short tubular bones in the hands and feet are also long bones.  
 
Figure 4: Long bone geometry [18]. 
There are two kinds of bone structures (Figure 5): One is cortical or compact 
bone, and the other is trabecular or cancellous bone. Compact bone is the hard 
outer layer of bone, which has minimal gaps. Cortical bone makes up about 
80% of the skeletal mass. It accounts for the solid white bone appearance. 
Most of the time, compact bone is used to assess the bone mineral density. 
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Figure 5: Appearance of cancellous or trabecular bone and compact or cortical bone [19]. 
Trabecular or cancellous bone is located in the interior of long bones. 
Trabecular bone is composed of a spongy network that makes the overall organ 
lighter. Trabecular bone accounts for the remaining 20% of total bone mass 
but has nearly ten times the surface area of compact bone. Its porosity is 
30-90%. Bone surrounds blood in the compact bone, while blood surrounds 
bone in the cancellous bone [20]. Trabecular bone is used for the assessment 
of bone disorders like osteoporosis by some researchers. Projection and axial 







Figure 6: Projection and Axial CT appearance of trabecular and cortical bone. (a). Projection 




    
(a)               (b) 
Figure 7: Projection (a) and axial (b) CT appearance of styloid in tibia.  
Bone marrow is the soft tissue filling the cavities of long bones and the spaces 
between all bone trabecular. The function of marrow is to supply red blood cells, 
white blood cells, and platelets in order to provide oxygenation to the body, 
support the immune system and the coagulation system. A styloid is a long and 
pointed piece of a bone as shown in Figure 7, protruding from the end surface. 
The growth plate (Figure 8) is the tissue at either end of a growing bone with 
the function to facilitate rapid longitudinal long bone growth. It lies between 
the epiphysis and metaphysis of the bone. The growth plate is circular or oval in 
cross-section with the shape of an irregular disc [18]. The thickness of growth 





                                                          
(a)        (b) [21] 
Figure 8: Projection (a) and axial (b) CT appearance of the growth plate in the tibia. 
2.5 Bone Feature Detection  
To calculate bone length, strong reproducible anatomic features are necessary 
to be identified. These features include styloids (Fig 9(a) and (g)), common 
edges like the exterior edges of the growth plates (Fig 9(b) and (f)) or the 
interior edges of the growth plates (Fig 9(c) and (e)).  
A percentile measurement of the bone location was constructed with 0.0% the 
position of the proximal styloid and 100.0% that of distal styloid. According to 
the z-location, other feature locations between the two styloids can be 
identified as numbers between 0% and 100%. As demonstrated in Figures 9 
and 10, this percentile measurement makes it easier to compare the locations 





(a)           (b) 
 
(c)           (d) 
 




Figure 9: Axial lower leg images at different locations. The positions are referenced in percent 
of the bone length. (a) Proximal tip position, 0.0%; (b) exterior end of proximal growth plate 
position: 6.2%; (c) interior end of proximal growth plate position: 10.9%; (d) center slice 
position: 48.0% (e) interior end of distal growth plate position: 91.9%; (f) exterior end of distal 
growth plate position: 97.2%; (g) distal tip position: 100.0%. 
 
 (a)           (b) 
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(c)           (d) 
 
 




Figure 10: Forearm images at different locations. The positions are referenced in percent of 
the bone length. (a) Proximal tip position: 0.0%; (b) exterior end of proximal growth plate 
position: 1.1%; (c) interior end of proximal growth plate position: 3.2%; (d) center slice position: 
47.6%; (e) interior end of distal growth plate position: 93.1%; (f) exterior end of distal growth 
plate position: 97.3%; (g) distal tip position: 100.0%. 
Distal and proximal styloids represent the exact ends of the bone. Although the 
length of the styloid changes with age and varies between individuals, it 
represents an easily identified anatomical landmark. In the region between the 
inner ends of the growth plates, the bone can be considered fully formed. This 
makes a length measurement between these two landmarks useful. We expect 
most bones to be very well behaved with easy-to-find circumferential edges 
between the two interior growth plates.  
The current methods to locate the styloids and growth plates are manual. The 
operator is responsible for finding these locations. Flipping through the stack to 
find these locations will consume plenty of time. Even with the operator’s initial 
estimate of where the bone is located, the automated bone detection system 
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developed by Hrishi Haldankar [22] often mistracks and includes segments of 
the wrong bone. To avoid this, the operator has to hand draw bone contours on 
many slices, and manually removes sections of the image from further 
consideration in image segmentation, which takes time. Thus, an automated 
system to estimate the features’ locations should save time and improve 
accuracy.  
We attempt to find these features automatically. The user still needs to preview 
the stack to select the first and last image that contains the bone of interest and 
seed the bone center in the center slice of the stack. We will try several 
methods to automatically track the boundaries of tibia and radius as well as to 
locate the styloids and the interior edges of the growth plate. Once reasonable 
edges are determined, profiles normal to the surface will be formed using 
existing methods.  
It is not expected that any algorithm will be able to find a feature correctly 
100% of the time. A success rate of 75% is reasonable enough. Some manual 






3. Data Sets 
The data set used for this study contains 33 leg stacks and 16 arm stacks of CT 
cross-sectional images. They came from four different models of whole-body 
CT scanners including a GE LightSpeed Plus, a Toshiba Aquilion, a GE 
LightSpeed16 and a Phillips Mx8000 IDT 16. The numbers of limb stacks using 
the different scanners are listed in Table 2. They were collected from May, 2006, 
to August, 2009, from patients whose ages ranged from 2 to 17y. The voltage 
used for the x-ray exposure ranged from 80 kVp to 120 kVp. Roughly half of the 
scans were from studies of the normal population with the other half coming 
from a study of a pathologic population. The slices are not referenced in the 
same order by filename, and they are not consistently arranged from proximal 
to distal.  
Table 2: Number of limb stacks using different scanners 








Leg 11 10 8 4 
Arm 0 10 2 4 
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Each cross-sectional leg CT image shows two legs (Figure 11(a)). The slices are 
between the knee and the feet, which constitutes a leg stack. In each 
cross-sectional arm CT image there is one arm pictured (Figure 11(b)), and the 
slices span the region between elbow and fingers. 
 
                                   (a) 
 
(b) 
Figure 11: Data set, (a) leg CT data stack; (b) arm DICOM stack. This figure shows the 
arrangement of the slices, the CT image and the slices are not necessarily from the same 
patient.  
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The biggest stack contains 704 slices, the smallest stack contains 244 slices. 
The cohort of 33 leg stacks was randomly split into two distinct data sets. One 
is the development set, which contains 10 stacks from different hospitals, 
scanner models and patient age groups. The other is the validation set of which, 
contains 23 stacks. The 16 arm stacks were divided into a development set of 3 
stacks and a validation set of 13 stacks. The validation set was used to evaluate 
the algorithm’s performance. The use of the validation set also prevents the 
problem of over fitting and gives a better measure of the accuracy of different 
methods. Since running different methods takes a lot of time, the development 
set we were using is much smaller than the full data set. The development set 
contains enough examples that represent most situations, and the rest of the 
data sets were used as validation set. The development set contains about 1/3 
the number of stacks of the validation set. It includes stacks with different 
patient age, scanner, kVp, and stack size. The validation set is 2 times bigger 
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Figure 12: Pre-task Flow Chart 
The pre-task flow chart is shown in Figure 12. During pre-task, the user sets up 
indicators that will be used during the automated portions of the task itself. 
Different programs are used for legs and arms. For legs, two regions of interest 
(ROI) will be selected with each ROI representing a leg. For arms, only one ROI 
will be selected. First the program will rearrange the slice sequence according 
to z-location from proximal to distal. The user needs to identify the center slice  
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of the stack and give seed point for each bone. Then the program will detect 
the calibration phantom at the center slice and calculate the threshold for 
further segmentation jobs based on calibration values from the center slice. In 
the end, the information will be written to a control file as an output.  
4.1.1 Rearrange Slices and Identify Seed Points 
For both limb types, the pre task will read all of the DICOM image files from the 
user-selected directory. Then the user is prompted to identify the proximal and 
distal ends of the legs or the arm. As a last step, the user needs to select center 
seed points, two centers for a leg stack and one center for an arm stack, on the 
center slice of the stack. The seed points are positioned at the center of the 
tibia or radius bone (Figure 13). The DICOM image files will then be sorted from 
proximal to distal based on the slice z-location information. 
 
(a)         (b) 
Figure 13: User select seed point of bone of interest for leg (a) and arm (b). 
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Figure 14: Program flow chart for calibration phantom detection 
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This sub-program automatically detects the position of the compartments in 
the calibration phantom. A calibration phantom is included so that images 
acquired under different conditions can be adjusted to a common density scale. 
The major steps for the detection of the calibration phantom are shown in 
Figure 14. First, a mask was built to detect the calibration phantom. The mask 
is resized according to the pixel spacing information of the target image. After 
resizing, the mask is used at each location of the target image, and the 
summation of the information within the circular compartments is recorded. 
The position with the maximum summation will be the right correlation position 
of the mask and the target image. Then the center of the compartment can be 
retrieved by the mask position. According to the fixed relationship of the five 
circular compartments and the calibration phantom, the location of the 
calibration rods can be acquired. This information is used later to adjust images 
from different CT scanners to the same scale.  
Under different x-ray system conditions, the image of the calibration phantom 
will vary. For example scans can be taken at different sizes resulting in enlarged 
or shrunken images of the phantom. The phantom can be placed in the scanner 
flipped as shown in Figure 15(c). The program should detect the calibration 
phantom correctly under all these conditions.  
 27 
 
(a) enlarged                (b) shrunken                (c) flipped 
Figure 15: Different DICOM images with different calibration phantom mutations 
4.1.2.1 Building of Masks  
The mask is built using the reference image’s calibration phantom geometrical 
information. The reference image is a randomly picked slice, which has a 
normal-size calibration phantom. The calibration phantom has fixed position 
relationships between the five compartments (Figure 16). The position 
relationships among the five circles’ centers have been established manually in 
previous tests as d1-d8 (Figure 17). 
 
Figure 16: Fixed position relationships between five compartments and whole calibration 
phantom  
A main mask (Figure 18 (a)) is built using information from d1-d8 in Figure 17. 
In the main mask, the values within the three circles were set to 1 and the black 
part was set to 0. The function of this mask is to keep only the information 
within these three circles.  
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Figure 17: Calibration phantom geometric information of the reference rods. 
In most cases this works well. However, sometimes the program fails to locate 
the first circle in the calibration phantom correctly. To make corrections for this, 
individual masks in Figure 18 were also created to enhance the detection 
quality of the program. The individual masks have the same pixel-spacing 




(b)        (c)         (d) 
Figure 18: (a) main mask, (b), (c), (d) individual masks for precision enhancement. 
4.1.2.2 Pixel Spacing Detection and Scale Correction 
Pixel-spacing information in the DICOM header can be used to obtain the 
zooming scale for the center slice of each stack. The retrieved different 
pixel-spacing values of images with different zooming scales are listed in Table 
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3. The pixel-spacing detail in Table 3 are from different scanners; x and y 
represent the x-and y-directions. Some scanners might have the same 
pixel-spacing values in the x- and y-direction; however, some scanners do not. 
Table 3: Pixel-spacing values from random stacks 












The pixel-spacing values of target and reference images are stored as a and b.                     
Geometrical coefficient will be then defined as ba / , which demonstrates the 
size ratio between reference and target images.    Under the assumption that the 
whole image is not distorted, the mask can be transformed to the same size as 
the target calibration phantom using the geometrical coefficient.  
4.1.2.3 Convolution Process  
The main mask is moved through the whole image one pixel at a time to carry 
out a convolution process (Figure 19). The mask shows circles as “1”s and the 
rest as “0”s. Thus the convolution results will be the summation of all pixels’ 
values within the circles. Where the result reaches maximum marks the 
superposition of the mask on the calibration phantom. 
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Figure 19: Convolution process. Apply the mask to each position of the image. 
The 3-D view of these results is shown in Figure 20. The maximum will be 
recorded as Maximum_1 together with its coordinate information. 
Since there is not much brightness difference between compartment S and the 
background shown in Figure 21 (b), the program might detect a faulty position 
as in Figure 21 (b) instead of the right mask position as in Fig 21 (a). The 
individual masks were designed to deal with this kind of problem. After the 
main mask is used, individual masks (Figure 18) are used to detect the 
brightness within each circle and make sure that the values (P)>(Q)>(R), 
which is the brightness decrease from the left to right compartments . In Figure 
21 (b), the relationship is P<Q>R, which doesn’t agree with the former criterion. 






Figure 20: 3D plot of the mask convolution value; darker area has larger value, which should be 




(a)          (b) 
Figure 21: Example of calibration phantom detection failure. (a) Right position of mask; (b) 
faulty position of mask. After the main mask is used, individual masks in Figure 18 are used to 
detect the brightness within each circle and make sure that the values (P)>(Q)>(R), which 
represents the brightness decrease from the left to right compartments. In Figure 20(b), the 
brightness relationship is P<Q>R, which does not agree with the order criterion. 
4.1.2.4 Flipped Calibration Phantom 
After flipping the target image horizontally, the entire process is repeated on 
the flipped image. The correlation result is marked as Maximum_2 together 
with its coordinate information. 
After comparing Maximum_1 and Maximum_2, the larger of these two values is 
selected as the final correlation result, and its coordinate is marked as the 
calibration phantom’s position in the image. This process should guarantee that 
the program works well for both calibration phantom orientations. With the 
correct position, the program calculates the average density information ROI  
within a 50% central area of each of the five compartments that of the 
calibration phantom; this ROI  will be used to form the linear regression line 
that transforms the image units to a common scale.  
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If the calibration phantom is slightly tilted, the program cannot locate it 
accurately, since the mask is leveled. So the scale calculation based on density 
of the calibration phantom won’t be right either. 
4.1.3 Threshold Calculation 
In our case, the threshold represents a brightness limitation, above which the 
information is kept and below, which it is suppressed. It is used to segment the 
image, with the goal to keep only the useful information which in our case is the 
bone parts. With the soft tissue suppressed to zero, it will be easier to locate 
the ROI with only bone left. The threshold calculation is performed in the pre 
task. 
According to the Calibration Phantom User’s Guide [17], with ROI  (the CT 
number of 50% area of each compartment), ref and ref values (equation 1) 
and CT  and CT  (equation 5), can be calculated using equations (3) and (4). 
So, with known ROI , bone and water density estimations in the bone density 
scale can be obtained.  
Equation (6) was used to calculate the threshold 
)( WaterBoneFWaterThreshold        (6) 
Water  and Bone are the water- and bone- density estimates. F  is an 
empirical factor.  
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Since we want is to discard soft tissue and keep bone, the target threshold is 
between the bone and soft tissue brightness. In equation (6), ‘Water ’ indicates 
an estimate of soft tissue and ‘ )( WaterBoneF  ’ is the value over that estimate 
that sets the threshold. If F equals 1, equation (6) results in BoneThreshold  , 
and if F equals 0, equation (6) results in WaterThreshold  . So, the threshold 
is some value between bone and soft tissue. 
The cortex of the midshaft is thick and clear and is easy to segment from the 
background soft tissue. In contrast, the cortex by the growth plate is thin and 
difficult to visualize in the image. It is hard to isolate the bone of the growth 
plate from the soft tissue. If a larger coefficient F is used, the threshold will be 
too high for the bone by the growth plate, and some part of the bone will be 
segmented as background. If a smaller coefficient F is used, the threshold will 
be too low, and some part of the soft tissue will be included as bone. The 
coefficient F we are using is 0.1. 
4.1.4 Output Control File 
As a final result, the total number of slices, the Mindways phantom ROI values, 
the bone and water density estimates, the threshold, the center seed point 
position(s) and the file names sorted proximal to distal are written to a control 
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Figure 22: Work flow of Search-Box method 
This is the first method to locate bone structures from the image stack. The 
work flow is shown in Fig. 22. Search-Box locates a rectangular region of 
interest (ROI) associated with the user-specified ROI seed point(s) one by one 
in the stack and saves parameters associated with that ROI into a data file. 
First, Search-Box reads in the control file. After reading the control file, 
Search-Box loads and processes each image of the stack according to the 
z-direction ordering done in pre-task, starting at the center and moving 
towards each tip of the bone. Based on the seed points from adjacent slices 
and the previously calculated constant threshold, Search-Box attempts to use a 
rectangular box to locate the ROI. 
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4.2.1. Enhance Image  
We use a 3X3 median filter to eliminate noise. The result is shown in Fig 23. 
Please Select Two Central Points of The Bones
 
(a)          (b) 
Figure 23: Image enhancement. (a) original image; (b) image after applying the median filter.  
4.2.2. Segment Image 
Image segmentation is applied to the median filtered image. The threshold was 
previously calculated from the central image of the stack in pre-task. After 
thresholding, the image values greater than the threshold remain unchanged, 
whereas the rest of the pixel values is suppressed to 0 as shown in Figure 24. 
 
Figure 24: Image after thresholding  
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4.2.3. Locate ROI 
To locate the ROI out of the thresholded image, Search-Box scans from the top 
boundary and from one side boundary at the level of the input seed point and 
locates the first two connected non-zero pixels as an estimate of the outer 
boundary of the feature.  
This gives us a coarse estimate of the ROI location. Using the input seed point 
and the x and y distance from the seed point to the first non-zero point, an 
elliptical mask is formed. All the information outside that mask is suppressed to 
zero. If there are multiple ROIs to be located, the starting search index on the 
left comes from the left side and the starting search index on the right comes 
from the right side. Search-Box detects the ROI on the left first and then on the 
right (Fig 25). 
 
Figure 25: Locate outer rim of the ROI. From the top and from either the left or the right side of 
the image at the respective input seed point coordinate, the outer rim of the feature, where the 
ROI is expected, is identified. Using the input seed point and these x-and y-distances, an 
elliptical mask is formed. 
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Figure 26: Isolate left and right ROI with elliptical mask. 
Subsequently, we isolate the left and right ROI with the elliptical mask (Fig 26). 
In the isolated image, the program starts from the lower left corner and 
proceeds to the upper right corner by searching line by line to find four 
non-zero points (bone) as the rims for each ROI.  
A rectangular box is drawn to indicate the ROI position (Fig 27). The box is 
superimposed on the original image. The center points of these boxes are 
saved as the new centers for the next image. 
 
Figure 27: Bone isolation result 
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4.2.4 Calculate Key Indicators 
The ROI area, densities, density standard deviation and center locations need 
to be calculated for each slice. There are 3 key procedures: 
First, calculate the average density inside the box as the sum of the pixel values 
of the masked area divided by the total number of non-zero pixels. 
Second, calculate the standard deviation of all pixel intensities inside the box 
area. 
Third, find the geometric center of the rectangular box. These centers will be 
used as seed point for next slice. 
4.3 Search-Outline 
Search-Outline locates a region of interest (ROI) associated with the 
user-specified ROI seed point(s) one by one in the stack and saves parameters 
associated with that ROI into a data file (Fig 28). 
To begin with, Search-Outline reads in the control file. The procedure is the 
same as Search-Box, with Search-Outline starting at the center and moving 
towards each end of the bone. Based on the seed points from adjacent slices 
and a threshold calculated in the pre-task, Search-Outline attempts to track the 
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Figure 28: Work flow of the Search-Outline 
4.3.1 Segment Image   
First the segmentation is carried out. The whole image is operated on; any pixel 
with a density less than the threshold will now have a density of 0 (Fig 29). The 
threshold is calculated the same way as previously described (Equation 6).     
 
(a)                (b) 
Figure 29: Thresholding of the image, based on the previously calculated constant threshold. (a) 
Input DICOM image (b) segmentation result 
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4.3.2 Enhance Image 
The segmentation result usually contains an unsatisfactory amount of debris or 
residue, which needs to be cleaned to enhance the ROI detection accuracy. 
Search-Outline sweeps the image with a 3×3 median filter and performs a 
flood-fill operation to close the gaps in connected features. The intensity values 
of dark areas that are surrounded by brighter areas are changed to the same 
intensity level as surrounding pixels by the flood-fill operation. As a result, this 
operation eliminates regional minima that are not connected to the image 
border [23]. Finally a residue filter (Fig 30) using a 7×7 mask to eliminate 
single residues smaller than 7×7 is applied. This residue filter only works on 
unconnected small noise. The result is shown in Figure 31.  
   B    
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Figure 30: 7×7 Residue filter. The residue filter mask eliminates noise according to morphology 
theory. The value A in the center is the target pixel; if it is not zero. and if all four values B are 
zero, the value A will be set to zero. The function of the residue filter is to remove unconnected 
noise smaller than 7×7. 
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(a)         (b)  
Figure 31: After segmentation, a median filter is used to reduce noise, and a flood-fill operation 
is applied to close the gaps in connected features. A 7×7 Residue filter is used to remove 
unconnected noise smaller than 7×7. (a) Image after median filter and fill. (b) Image after 
residue filter 
4.3.3 Locate ROI  
Search-Outline uses the same ROI locating algorithm as Search-Box. It 
searches from the top and from one side at the input seed point coordinate to 
locate the outer rim of the feature and isolates the ROI with an elliptical mask. 
(Fig 32). 
 
Figure 32: Locating the outer rim of the ROI. From the top and from either the left or the right 
side of the image at the input seed point coordinate, the outer rim of the feature is searched. 
Using the input seed point and these x-and y-distances, an elliptical mask is formed. 
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4.3.4 Outline ROI  
After the image contains only information within the elliptical masks, the outline 
of the ROI is found. As in Figure 33, the outlines of the ROI serve as visual 
indicators. We can overlay the outline on the original image to check our results 
(Fig 34). 
 
(a) Bone proximity detected       (b) Isolated area as mask 
Figure 33: ROI Isolation. (a) In the elliptical mask, find the outline of the ROI. (b) The outline 
serves as mask in the following procedure.  
 
Figure 34: Final result. Overlay the outline on the original image to check results. 
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4.3.5 Calculate Key Indicators 
As in the Search-Box method, the same indicators, ROI area, densities, density 
standard deviation, center locations and trabecular bone density are calculated 
for each slice. There are 3 key procedures: 
 
(a) original image    (b) mask          (c) masked area 
Figure 35: Density calculation through mask operation. ANDing the original image (a) with the 
mask (b), ,leaves the unmasked area suppressed to 0 (c).  
First, calculate the average density defined by the masked area. This operation 
is done by ANDing elements of the original image and the mask (Figure 35), 
leaving all the unmasked areas suppressed to 0. Then as in Search-Box, 
calculate the average density of the ROI. 
Second, calculate the standard deviation within the masked area. 
Third, unlike Search-Box, Search-Outline finds the gravitational center of the 
mask. This is done by first counting the pixel numbers row by row until one hits 
half of the total number of pixels and recording the row number. Then one 
counts the number of pixels, column by column, until half of the pixels are  
reached and records the column number. Then the cross-point of the recorded 
row and column number serves as the mass center point. This mass center will 
be used as seed point for the next slice. 
 45 
Last, get trabecular bone density. By a series of complex mask manipulations, 
the trabecular bone region is acquired (Figure 36). 
 
Figure 36: Get trabecular bone density mask. (a) Mask from Figure 33 (b); (b) reverse of (a); (c) 
a part of original image with the same size as mask (a); (d) segmented image based on (c) with 
trabecular region zero; (e) result of Complement of Excusive of (b) and (d). 
Mask (a) is altered from 4.3.4 by using an inverse Boolean Operation, and mask 
(b) is obtained from mask (a), with the dark and bright regions swapped. 
Sub-image (c) is extracted from the full image where the key feature, the bone, 
is located. Sub-image (c) is of the same size as mask (a). After sub-image (c) is 
acquired, all the pixels with a density below a given threshold are zeroed, and 
image (d) is obtained. To generate the mask for the trabecular bone region, 
one more Boolean Operation step needs to be carried out, that is, the 
"Complement of Exclusive" between prepared mask (b) and processed 











same location, both equal to zero, will be written as ones, but all other parts 
with one zero and one non-zero values will be suppressed to zeros. This 
specially engineered mask (e) is capable of retrieving the pixel intensities from 
the trabecular area if applied to the original image at the original location. 
4.4 Center-Compare-Outline 
Center-Compare-Outline gets all of the center points of the features left after 
segmentation and compares their coordinates with the user input ones. The 
program selects and outlines the segmented features whose center point is 
closest to the user-given one as the target bone. Then Center-Compare-Outline 
calculates the image information associated with that ROI (Figure 37). 
Dicom Stacki
Dicom Stacki Outline ROI
Output results
Read in control file info
Read DICOM images
Outline bone with smallest 
distance from seed point 
Flood-fill operation





Read in dicom info




Figure 37: Work flow of the Center-Compare-Outline 
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The first procedure is the same for Center-Compare-Outline as for the former 
two methods. Using the slice sequence, seed points and threshold information 
from the control file, Center-Compare-Outline attempts to locate the ROI in 
each of the images. 
4.4.1 Segment Image 
Image segmentation is applied to the whole image (Fig 38), and only the pixels 
with a density higher than the threshold are left. The threshold is calculated as 
previously explained (Equation 6). 
 
(a)           (b) 
Figure 38: Segmentation (a) Original image. (b) Image after segmentation. 
4.4.2. Enhance Image  
A 3×3 median filter and flood-fill operation, the same as in Search-Outline 
(chapter 4.3.2) were used to eliminate noise and close the gaps in the 
connected features (Fig 39). 
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(a)        (b)  
Figure 39: After segmentation, a median filter was used to eliminate noise, and a flood-fill 
operation was applied to close the gaps in the connected features. (a) Image after median filter; 
(b) image after flood-fill operation. 
4.4.3 Locate ROI 
After image segmentation and enhancement, in this step, we find all 
four-connected (sharing edges) features left on the segmented image, and 
then get the center positions of all the features. After that we compare each of 
these center points to the user-defined seed center point and select the one 
with the shortest distance as the ROI. Thereafter, we create a mask to extract 
the information from the ROI (Fig 40).  
After the image is left only with information within the mask, search for the 
non-zero pixels from the outer rim to the center of the mask, the outline of the 
ROI has been found. We then overlay the outline of the ROI on the original 
image to check our results (Fig 41).  
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(a)          (b) 
Figure 40: Locate ROI. (a) Mask used to isolate the ROI whose center has the shortest distance 
from the seed point; (b) isolation result. 
 
 
Figure 41: Final result. Overlay the outline to the original image to check results. 
4.4.4. Calculate Key Indicators 
As with the former two methods, the key indicators need to be calculated for 
each slice. The final outline serves as the mask to calculate ROI area, density, 
density standard deviation, center point, and trabecular density. 
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4.5 Methods to Locate Positioning Features 
After segmenting the ROIs from the images and extracting the relevant 
parameters from the ROIs, we can create plots of ROI density, density standard 
deviation, area, center, mask size and trabecular bone density against the 
z-direction. Different methods were used to analyze these plots with the 
objective to locate positioning features such as the styloids and the growth 
plates.  
4.5.1 Area and Density Minimum-Styloid  
Styloids have a much smaller area compared with bone cross-sections at other 
locations. This feature should show as a minimum in the area plot (Fig 42 (b)). 
The styloids are also much less dense than the cortex at the midshaft or the 
bone at the growth plates. Therefore, they should display a minimum at the 
position of the styloids in the density plot (Fig 42 (a)). 
Because both area and density plots provide location information of the styloid, 









Figure 42: Density (a) and area (b) plots of a tibia versus z-location along the bone. The 
minimum locations at each end of the plots, indicated with black dots, are the positions of the 
two styloids.  
4.5.2 Area and Density Change-Growth Plate 
Starting from the center of the plot, moving towards both ends, the location of 
the first big jumps of the density or area are the inner locations of the growth 
plates (Figure 43). 



































Figure 43: Density (a) and area (b) difference plots. The differences of adjacent density and 
area values magnify the local variations. Starting from the midshaft center towards both ends, 
we identify the position of the first big change as the inner position of the growth plate. 
To scrutinize the change in the density and area curves, derivatives are used to 
locate sudden changes in these two plots. This gives us a clear view of local 
discontinuities in the density and area plots. A search for the discontinuities 
starts from the center and proceeds to either end of the bone along the z-axis 
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to detect the position of the first major change in both difference plots. For the 
area plot, a change between adjacent points higher than 480 and for the 
density plot, higher than 100 is considered a major change. These threshold 
values were generated by numerous experiments with known positions of the 
growth plate in the development set. Again, the average position of the first 
large spike in both density and area difference plots are used to identify the 
inner positions of the growth plates.  
4.5.3 Area Ratio-Growth Plate 
It is reasonable to believe that human beings have similar patterns in their 
bone structures. We can assume that the ratio between the area of the tibia or 
radius at the center slice and that of the interior boundary of the growth plate 
won’t change much between individuals. We can use this ratio and the area of 
the center slice ROI to calculate an estimate of the area of the growth plate 
region (Figure 44). Since it is known that the long bones we are interested in, 
tibia and radius, grow bigger in cross-sectional area when moving from the 
midshaft towards either end. We define the ratio as  
areaROICenter
areaplategrowthInterior
Ratio              (7)     
Since we already have the area information of all the slices, all we need to 
calculate is the ratios from the development set. The position of the inner 
boundary of the growth plates were initially found by eye. We averaged 
different ratios from the development set and obtained 5.56 for the proximal 
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part and 3.03 for the distal part for the legs. After testing and adjusting to get a 
maximum success rate in the development set, the final ratios were 7.14 for 
the proximal side and 4.17 for the distal side. A larger growth plate area allows 
the program search further from the center to each end, making sure it finds 
the growth plate rather than stopping before the growth plate position. The 
success rate was raised from 77% to 85% for the development set using the 
Center–Compare–Outline algorithm by increasing the ratio. For the arm, the 
ratios were 9.09 for the proximal and 4.55 for the distal growth plate.  
 
Figure 44: Search for the growth plate with area ratio. The program goes from the center to 
either end of the area data to find the position of the calculated growth-plate area. 
4.5.4 Styloid Position Estimation Based on Growth Plate Location 
Although the positions of growth plates and styloids are different from subject 
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are expected to be predictable mathematical relationships between the 
growth-plate positions, styloid positions and the limb length. A percentile 
measurement was constructed in Chapter 2.5. 0.0% is the position of the tip of 
the proximal styloid and 100.0% that of the distal styloid. According to the 
z-location, other feature locations between the two styloids can be manifested 
as numbers between 0% and 100%. The percentile measurement makes it 
easy to compare the locations of the features on the basis of the relative 
z-location. Although it is easier to estimate the growth plate location with 
known styloid position, our algorithm cannot give a good styloid position 
estimation. We have more confidence on the growth plate position estimation, 
so it was used to calculate the styloid position. 
 
Figure 45: Frequency histogram of growth plate location in the percentile measurement of the 
leg. The data are from manually found styloid and growth plate positions from the development 
set. 0 is the position of the proximal styloid and 100 the position of the distal styloid.  
Figure 45 shows the frequency histogram of the growth-plate location in the 




growth-plate positions from the development set. The peak on the left shows 
that most proximal growth plates occur at 9% and most distal growth plates at 
94%. In comparison, the average positions occur at 8% and 94.3%. These 
locations are illustrated in Fig 46. 
 
Figure 46: Percentile positions of anatomic features in tibia, expressed in percent length of the 
bone.  
Therefore, with this anatomic feature percentile information, we can estimate 
the styloid position in an actual tibia stack, based on the growth plate location 
estimated by area ratio. The steps are as the following: 





  (8) 
The distance between proximal growth plate and proximal styloid is 
StyloidProxplateGrowthProxStyloidProxStyloidDist  %8*)(    (9) 
We transform equation (9) to 
%8*)( StyloidProxStyloidDistplateGrowthProxStyloidProx      (10) 















%3.9*)( plateGrowthProxplateGrowthDistplateGrowthProxStyloidProx   
plateGrowthDistplateGrowthProxStyloidProx *093.0*093.1     (11) 
Equation (11) estimates the proximal styloid position given the positions of the 
growth plates. 
Similarly, the distance between growth plate and distal styloid is calculated as 
plateGrowthProxplateGrowthDistStyloidtDis *066.0*066.1       (12) 
Figure 47 is the arm frequency histogram of growth-plate location expressed as 
percentage of the bone length. It is constructed the same way as Figure 46. As 
shown in Figure 47, most proximal and distal growth plates occur at 9% and 
94%, respectively. Compare this with 8% and 94.3% for the average positions. 
These locations are shown in Fig 48. 
 
Figure 47: Arm frequency histogram of growth plate location in the percentile measurement. 





Figure 48: Percentile positions of anatomic features in radius, expressed in percent length of 
the bone. 
To estimate the styloid positions relative to the known growth-plate location, 
the equations are similar as before: 
The proximal styloid position is 
plateGrowthDistplateGrowthProxStyloidProx *036.0*036.1     (13) 
And the distal styloid position is 
plateGrowthProxplateGrowthDistStyloidtDis *078.0*078.1      (14)   
So with accurate estimates of the growth plate locations, the styloid locations 
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5. Analysis and Results  
5.1 Locating of Contour 
5.1.1 Search-Box 
The Search-Box method is our first attempt to find the bone ROI. It takes the 
least running time compared with the other two methods, but the accuracy is 
the worst. First, instead of an accurate bone outline, Search-Box uses a box to 
estimate the ROI position. Although the box can indicate the location of the ROI, 
it includes parts of the soft tissue. Therefore when it comes to the extraction of 
density and area information, it is not very accurate. Second, Search-Box 
searches from the top and the side of the matrix to look for the ROI. If there is 
another piece of bone or a segmentation residue blocking the searching path, 
these other structures will be considered as the rim of the ROI, resulting in a 
box area much larger than it should be.  
5.1.2 Search-Outline 
Search-Outline is constructed on the basis of Search-Box, but it adds a flood-fill 
operation and a residue filter, which connects adjacent features and erases 
noise. Instead of a box, Search-Outline uses an outline of the bone to indicate 
the location of the ROI. The outline is more accurate than the box, and
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the extraction of density and area information is more accurate, too. The 
limitations are the same as with Search-Box: the algorithm will include part of 
other bone or noise if they were present in the search path.  
5.1.3 Center-Compare-Outline 
This method takes more time when compared with the other two methods. It 
has the best contour and bone positioning detection accuracy. Since it 
compares the center of the features with the seed point, the limitation of the 
other two methods to falsely consider noise or other pieces of bone in the 
search path won’t apply here.  
If there are drastic changes to the shape of the bone from one slice to the next, 
the seed-point tracking system is able to function correctly. As in Figure 49 (a), 
the center of the previous image in the stack is shown as a white dot. Although 
the previous image passes on the center coordinate to the next image (b)-(d), 
there may not be any bone at the center location. For the Search-Box and 
Search-Outline methods, they cannot locate the styloid correctly. The 
Center-Compare-Outline method will identify the piece of bone, where the 
feature is closest to the previous center location, as the new center coordinate, 
but this may not be within the styloid.  
If the ROI is too close to another bone, Center-Compare-Outline will include 
part of or the whole neighboring bone as ROI. Also, the threshold problem 
described in 5.2.2.4 is another failure reason. 
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(a)       (b)    (c)         (d)              (e) 
Figure 49: Successive slices with seed points calculated from the previous slice at the distal end 
of the tibia. The styloid is the piece of bone far to the right. (d) The seed point may not end up 
inside the styloid. 
5.1.4 Success Rate 
The success rate for locating the contours is calculated using the correctly 
outlined number of slices divided by the total number of slices from proximal to 
distal styloids (which is also the bone length). The successes and failures were 
visually confirmed for all slices. The average success rate of each stack in the 
development data set was between 81.9 and 91.5% for the tibia and between 
63.0 and 89.3% for the radius (Table 4).  
Table 4: Contour success rate for different methods in the development data set. 
 Tibia Radius 
Search-Box 81.9% 63.0% 
Search-Outline 84.7% 83.0% 
Center-Compare-Outline 91.5% 89.3% 
5.1.5 Computational Time 
The computational time for the area ratio method to detect the growth plates is 
of a similar order of magnitude for the three contour detection methods. 
Search-Box has a computational time of 1.4 minutes for a stack with 264 slices. 
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The process time for a single slice won’t change with the number of slices 
(Figure 50). So the relationship between the total computational time and stack 
dimension is in direct proportion. There are some fluctuations of calculation 
time, but generally, calculation time for a single slice won’t vary with the 
number of slices.  
 
Figure 50: Process time of a single slice in relation to the slice position. 
The computational time for Search-Outline method is 3.4 minutes for a stack 
with 264 slices. The single-slice process time will change with the number of 
slices. There are some fluctuations in calculation time at both proximal and 
distal ends of the bone. The reason is that Search-Outline processes a 
sub--image, which contains the bone, and the processing time depends on the 
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bone size grows larger at both ends, the processing time is larger for the 
images at both ends.  
For the same stack with 264 slices, the computational time for 
Center-Compare-Outline is 5.3 minutes. The number of slices won’t affect the 
process time for a single slice. The relationship between the total 
computational time and the stack dimension is in direct proportion.  
5.2 Common Failure Examples of Contour Locating 
5.2.1 Calibration Phantom 
The first failure for bone feature detection would be caused by a tilted 
calibration phantom. As discussed in 4.1.2, the program is designed to only 
detect level calibration phantoms, either horizontal or flipped. For a tilted 
calibration phantom, the program fails to locate the perfect position but still 
reaches as far as the white outline (Figure 51 (a)). However, the position found 
is not the optimized position. Thus, the acquired calibration-phantom 
information is not sufficient to provide accurate reference density values. This 
leads to an error during calibration-equation generation and threshold 
calculation.  
Fortunately, due to the relatively wide threshold range, this kind of failure won’t 
affect the contour or growth plate estimation result very much. As for the 
calibration phantom in Fig 51 (a), the program can locate the two denser 
circular areas correctly, but it is off track for the other, less dense 
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compartments. Of all the DICOM stacks we analyzed, there was only 1 stack 
with a tilt as large as in Fig 51 (a); however, the success rate still reached 50%, 
which means that one growth plate was successfully detected. For the other 
three DICOM stacks with much smaller tilt similar as in Fig 51 (b), the success 
rate was 75%, which suggests that even though the calibration phantom 
location process was not excellent, it is good enough for the contour algorithm 
to work out some portion of the correct result. All of the above indicates that 
the algorithms are robust enough even if the threshold is not entirely correct.  
  
(a)         (b) 
Figure 51: Examples of tilted calibration phantoms. The white outline in (a) shows the position 
the program found.  
5.2.2 Edge Detection 
5.2.2.1 High-Density Foreign Objects 
The second group of failures is caused by the images of miscellaneous 
high-density items in the field of view. As shown in Fig 52(a), there is a dense 
trace of fabric in the image. For the Search-Box and Search-Outline methods, 
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the program might incorrectly classify these objects as part of the ROI in the 
search process, since the fabric has a higher density and won’t be suppressed 
to zero in the segmentation procedure. In Fig 52(b), there is a more common 
situation: a cast was around leg, which is not removed during segmentation. 
The program won’t be able to detect the correct ROI contained inside the cast.  
 
(a)           (b) 
Figure 52: ROI detection interference. (a) High-density fabric; (b) plaster cast. 
5.2.2.2 Bone Geometry 
The potential problem is the appearance of bone features around the proximal 
tibial styloid. As in Fig 53, there may be two additional pieces of bone from the 
femur that interfere with the styloid detection. The Search-Outline method 




Figure 53: Tibia styloid illustration. For the leg on the right, the proximal styloid is the small 
structure in the center. The other two large pieces of bone are from the femur and interfere 
with the styloid detection.   
5.2.2.3 Neighboring Bone 
Sometimes, the tibia is too close to the other bone, the fibula. So the elliptical 
mask in the Search-Box and Search-Outline methods might include the fibula as 
part of the ROI (Fig 54). A similar error could also be observed in the distal arm 
region near the ulna.  
 
Figure 54: Mistracking. The tibia ROI is too close to the fibula, results in the ellipse mask in the 




Since we are using the same threshold for the whole stack, the threshold that 
works well for the midshaft might not work as well near the growth plate, 
where cortical values are much lower. Under some circumstances, the bone 
density at the growth plate falls below the threshold, so the darker part of the 
growth plate will be identified as soft tissue by the segmentation program, and 
only the part that is brighter than the threshold is identified as bone (Fig 55). 
The program will only outline what remains of the growth plate (Fig 56). This 
kind of problem exists in all three methods and causes errors in density-value 
and ROI-area extraction.  
 
Figure 55: Plot of ROI density versus z-location. In some circumstances, bone density at the 
growth plate falls below the threshold, so the darker part of the growth plate will be 
segmented as soft tissue, and only the brighter part is left. The result is shown in Fig 56. 


















Figure 56: Cross – sectional image of tibia at location of proximal growth plate. The 
threshold is too high for the correct growth plate segmentation. 
5.3 Results of Methods for Locating Positioning Features  
5.3.1 Area and Density Minimum-Styloid 
In a first attempt to locate the styloids in the plots, the average position 
between the overlapping valleys of both the area and density plots was 
considered as the positions of the styloids.  
Unfortunately, whereas the area and density values are often well behaved in 
the slices between the growth plates, these values can become extremely 
ill-behaved in the slices beyond the growth plate. The global minimum locations 
might not necessarily be where the styloids are located, but the styloids are 
often located at positions where local minimum values occur instead of where 




Figure 57: Density value with the identified bone ROI versus slice position for a tibia. The 
styloids here are locate at positions of a local rather that a global minimum. 
In particular for the distal end of the tibia, we often see failure due to the bone 
geometry problem covered in 5.1.3 for the Search-Box and Search-Outline 
methods. As in Figure 49, the bone is about to disappear when it passes the 
center points to the next image, and there is no bone at the seed point location. 
So the program considers no bone of interest in the ROI and returns a lower 
than actual density value, although there are valid bone regions in the image. 
Looking at the density values through the z-domain, this position might be 
mistakenly considered as the styloid position, whereas the actual styloid is 
located further to the distal end.  
Inaccurate bone boundaries from mistracking in the slices around the styloid 
may cause the detected area to return larger values than appropriate. This may 
result in a lack of a minimum in the area plot at the styloid position. There are 
also equal possibilities that more than one local minimum in both the density 

















and area plots will be detected. To sum up, these failures lead to unsatisfying 
results for all contour finding methods. So, this method of finding the styloids 
was abandoned. 
5.3.2 Area and Density Change-Growth Plate 
Attempting to find the growth plate, a search for discontinuities starts from the 
center and proceeds to either end of the bone along the z-axis to detect the 
position of the first large change in both difference plots. When the differences 
are not located at the same z-location, the average position of the first large 
spike in both difference plots should bring us the inner positions of the growth 
plates.  
Most of the time, the location of the first large change is the growth-plate 
location, but sometimes it is difficult to tell whether the change is sufficiently 
large or not. The success rate for the detected position within the growth plate 
location using Search-Outline for the development set was 80%, whereas for 
the validation set it was only 60% (Table 5). The success rate for the 
development set using Center-Compare-Outline is 83%, for the validation set it 
was 62%. Due to the unsatisfactory result for the validation set, this method 
was discarded.  
5.3.3 Area Ratio-Growth Plate 
We attempt to find the interior boundary of the growth plates by using a ratio 
of the areas of the interior growth plate and the center slice ROI. The program 
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searches from the center to either end of the area data to find the position of 
the calculated growth plate area. The results for different methods are listed in 
Table 5. 




































5.3.3.1 Search-Box  
Since the area estimation by Search-Box is not very accurate and the method 
for the growth plate boundary detection with the area ratio depends heavily on 
area information, Search-Box didn’t do well in either growth plate boundary 
estimation nor styloid estimation. There are distal and proximal growth plate 
boundaries to be detected for each limb, and the success rate for Search-Box 
was only 20% for the development set. 
5.3.3.2 Search-Outline 
We used the manually found feature locations and area information of the 
development set to compute the area ratios (Eq 7), and from these ratios we 
identified the growth-plate locations in the area plot.  
In the development set, the success rate for the tibia growth-plate region 
detection reached 77.5% and in the validation set 64%. For the radius, the 
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success rate was 67% for the development set and 50% for the validation set 
(Table 5). The reason for the lower success rate, for the radius, is the difficulty 
to identify the growth plate region by eye, especially for the proximal growth 
plate. The appearance of bone at the growth plate and adjacent positions is 
similar. The texture of the radius growth plate is homogenous, and the area is 
just like that of the neighbouring slices. So the growth-plate detection program 
easily fails when it comes to the radius. 
5.3.3.3 Center-Compare-Outline 
In the development set, the success rate for the detection of the growth-plate 
region reached 85%. Application of the ratio to the validation set dropped the 
success rate to 74%. For the radius, the success rates for the development and 
validation sets were 53% and 45%, respectively (Table 5). Center-Compare- 
Outline showed good performance for the tibia.  
5.4 Accuracy of Styloid Estimation 
The styloid estimation was constructed based on a fixed percentile relationship 
between styloid, growth plate and the total number of slices. Since Search-Box 
doesn’t have a decent success rate for the growth-plate region estimation, it 
wasn’t used for the styloid estimation. The results of styloid estimation for the 
radius are not satisfactory, so only the results for tibia are shown.  
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5.4.1 Search-Outline  
For the styloid position estimation, 32% of all styloid estimations were within 
the correct styloid position ±3 slices. The “correct” styloid position is based on 
the evaluation of an expert observer. 51% of all styloid estimations were within 
±5 slices and 62% within ±7 slices of the correct styloid position (Figure 58). 
The overall styloid estimation frequency histogram is shown in Fig 59. The 
success rate of the styloid position estimation depends on the quality of the 
growth plate detection as well as the assumption that bone geometry is similar 
across individual bones. If the estimated growth-plate position is wrong, the 
styloid estimation would be wrong as well. 
 
 
Figure 58: Estimation of styloid position for the whole data set. (a) 32% of all styloid 
estimations were within the correct styloid position ±3 slices (±2.52 mm), (b) 51% of all the 
styloid estimations were within the correct styloid position ±5 slices (±4.2 mm, these 51% 
include the 31%), (c) and 62% of all the styloid estimations were within the correct styloid 
position ±7 slices (±5.88 mm, these 62% include the 51%). The “correct” styloid position is 
based on visual analysis by an expert observer. 
Within ± 5 slices Within ± 3 slices 
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Figure 59: Frequency histogram of styloid estimation. The x-axis shows the difference in 
number of slices between the found and the correct styloid position.  
5.4.2 Center-Compare-Outline  
For the styloid position estimation, 40% of all styloid estimations were within 
the correct styloid position ±3 slices, 63% within ±5 slices, and 75% within 
±7 slices (Figure 60). The overall styloid estimation frequency histogram is 
shown in Fig 61. The performance of the growth-plate region estimation 
determines the success rate of styloid estimation. 
 
 
Figure 60: Estimation of styloid position for the whole data set. (a) 40% of all styloid 
estimations were within the correct styloid position ±3 slices (±2.52mm), (b) 63% of all the 
styloid estimations were within the correct styloid position ±5 slices (±4.2mm, these 63% 
include the 40%), (c) and 75% of all the styloid estimations were within the correct styloid 
position ±7 slices (±5.88mm, these 75% include the 63%). The “correct” styloid position is 
based on visual analysis by an expert observer. 
Within ± 7 slices 
75% 
Within ± 3 slices 
(a)          (b)           (c) 
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Figure 61: Frequency histogram of styloid estimation. The x-axis shows the difference in 
number of slices between the found and the correct styloid position.  
5.5 Trabecular Bone Location 
By eye the trabecular-marrow interfaces, i.e., the slice where trabecular bone 
transitions to marrow, were identified for each bone in the development set. As 
shown in Figure 61, the relatively lower and steady region in the center is the 
midshaft containing mostly marrow and limited trabecular matter. The density 
slowly goes up towards either end, where trabecular material starts to be 
present in the bone. Therefore, the steady center part shows the marrow 
region. The average marrow region of the development set for the tibia ranges 
from 29% to 77% of the bone length. This percentage is based on a 
styloid-to-styloid distance as described in 4.5.4. Combining these locations with 
the estimated growth plate locations calculated in Section 4.5.4 means for a leg 
that the region from 8% to 29% of the bone length should contain trabecular 
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bone at the proximal end, and the region from 77% to 94.3% should contain 





































Figure 62: Trabecular bone density vs. z-location plot for a sample tibia. The relatively lower 
and steady region in the center is the midshaft. The density slowly goes up towards either end, 
where the trabecular material starts to appear in the bone.  
The average marrow bone region of the development set for the radius is from 
19.6% to 74.5%. This results in a trabecular region from 3.2% to 19.6% of the 
bone length at the proximal end and from 74.5% to 93% at the distal end of 
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Figure 63: Trabecular bone density vs. z-location plot for a sample radius. The relatively lower 
and steady region in the center is the midshaft. The density slowly goes up towards either end, 










































Our method successfully located the calibration phantom with limited tilt 
variations in the CT images. Search-Outline and Center-Compare-Outline 
tracked the bone of interest (tibia, radius) from the midshaft to both distal and 
proximal styloids with an outline and managed to extract information such as 
ROI area, density, density standard deviation, trabecular bone density, center 
of bone etc. Using this information, with the assumption that the area 
relationship between inner growth plate boundary and midshaft won’t change 
much, the position of the inner growth plate boundary was detected. The 
estimation of the styloid position according to growth plate position was 
appropriate for the tibia using Center-Compare-Outline method.  
Search-Box runs fastest, as it needs only 1.4 minutes for a stack with 264 slices, 
Whereas Search-Outline and Center-Compare-Outline need 3.4 and 5.3 
minutes, respectively, for the same stack size. Search-Box has the poorest 
success rate when it comes to growth-plate position estimation. 
Center-Compare-Outline has the best contour and growth-plate-region 
estimation success rate and is the best method of the three. Search-Outline 
and Center-Compare-Outline reached 64% and 74% for growth plate region 
estimation when running the validation set.
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Center-Compare-Outline is the best method for its high success rates in contour 
detection and feature-position estimation. It doesn’t rely on the geometry of 
the bone structure as does Search-Outline or the operator to scan the center of 
the midshaft in the center of the stack. The whole stack is operated on with 
only one threshold based on the center slice used. These virtues manifest the 
robustness of the algorithm.  
Table 6: Age counts for leg and arm data. 
Age [y] 2 5 6 7 8 9 10 
Leg development set 1 0 1 1 0 0 1 
Arm development set 1 0 0 0 0 0 0 
Leg whole set 2 1 1 4 1 1 5 
Arm whole set 2 1 0 2 2 1 2 
 
Age [y] 11 12 13 14 15 16 17 
Leg development set 2 1 0 0 1 0 1 
Arm development set 1 0 0 0 0 0 0 
Leg whole set 3 2 1 1 3 3 3 
Arm whole set 2 0 1 0 0 0 1 
 
Whereas the Search-Box method as well as the styloid and 
growth-plate-position estimation using area and density plots might not be 
usable, there are many other usable parts in our method, such as the 
calibration phantom-detection algorithm, the area-ratio algorithm to estimate 
the feature positions and the Center-Compare-Outline method. Also, the 
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acquired ROI density, bone area and trabecular-bone density might be useful 
for other studies.  
The data stack counts for the different age groups for tibia and radius are 
shown in Table 6. There are not enough radius data for several age groups to 



































Figure 64: Relationship between growth plate region detection age and success rate for 
Search-Outline (a) and Center-Compare-Outline (b). The whole data set was used.  
For the tibia, in our data set, it appears that the success rate in finding the 
growth plate position decreases for patients aged 13 to 15y for both 
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Search-Outline and Center-Compare-Outline (Figure 63). This may be a 
problem with the small sample size, since the method was optimized for the 
development set, and there is only one patient aged 15y in the development 
set and no example from age 13y to 14y. So the analysis parameters such as 
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Figure 65: Area plots for different ages. The x-axis represents percentiles from the proximal to 
the distal styloid. Because the areas of the two stacks are not in the same scale, the area is 
plotted as relative area.  For the patient aged 8y the area threshold works well, whereas it is a 
little too high for the patient aged 15y.  
The area threshold is calculated from Equation 7, and the program searches for 
the position of the area above that threshold. As shown in the Figure 64, the 







patient aged 15y. So the program keeps searching further towards the region 
around the styloid.  
As the plot in Fig 61 shows, the trabecular-marrow interface can be located as a 
percentage length of the whole stack. Table 7 shows how the trabecular-bone 
percentage varies with age groups. It appears that in the younger age groups 
the trabecular bone may extend further to the center of the bone than in the 
older groups. There are not sufficient data for the radius for the different age 
groups, so the marrow boundary for the various age groups is only constructed 
for the tibia.  









2 40.5 72.8 
6~8 30.6 75.1 
10~12 29.0 75.6 
15~17 23.1 79.5 
 
There is not much difference for the contour-detection success between tibia 
and radius, but for the growth plate region estimation, the algorithm for the 
tibia outperforms that for the radius. That’s because it is hard to identify the 
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radius proximal growth plate by eye. It is even harder to tell the difference from 
the bone at the growth plate and the bone at the neighboring positions.    
As previously discussed in chapter 5.2.1, some part of the contour and growth 
plate estimation still works well, even if the calibration phantom detection is not 
entirely correct. Our algorithm works appropriately, although only one 
threshold was used for the entire stack. This shows that the algorithm is robust 
enough.  
When taking the CT scans, the scanner operator might scan from the proximal 
to the distal styloid of the patient, but mostly this is not the situation; the stack 
might start with the toes or the fingers and proceed to the knee or the elbow. 
With uncertainty in the start and end positions, the center of the stack is not 
always the exact midshaft center. All our algorithms start from the center slice 
of the stack and use the information of the center slice to calculate the 
threshold. Although this center slice might not be the exact center of tibia or 
radius, the algorithm works very well. The program does not rely on the 
scanner operator to scan the center slice of the stack at the midshaft center. 
This is another example of the robustness of the method.  
One strength of our method is its automaticity. It only requires a small amount 
of manual input to assign the distal-proximal direction and to give each bone a 
seed point while doing the rest of the job automatically. The program segments 
the desired bone from the image and gives an estimate of the growth plate 
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region and styloid positions, which saves the user effort of going through a lot 
of images to locate the positioning features. The short coming is that the 
program is not fully automatic or 100% accurate. It still needs the seeded 
center input. Sometimes there are errors in the growth-plate search process, so 
manual assessment of the results is needed.  
The current methods to locate these features are manual. It is the operator’s 
responsibility to find these locations and give preliminary estimates about 
where the bone is in the image at several locations. Flipping through the stack 
to find these locations consumes a considerable amount of time. Even with the 
operator’s initial estimate of where the bone is, the automated bone detection 
system develop by Hrishi Haldankar [22] often mistracks and includes 
segments of the wrong bone in its estimate. To avoid this, the operator has to 
hand draw bone limits on many slices. Manually removing sections of the image 
from further consideration in image segmentation takes time. Thus, this new 
program represents significant time savings for the operator. 
We use a relatively easy method of the fixed area relationship to estimate the 
growth-plate region and make a proper assessment of the styloid position. 
These positioning-feature locations are necessary in the calculation of bone 
length. The acquisition of trabacular density might be used in osteoporosis 
studies and represent a first time such trabecular regions have been estimated 
automatically.  
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Future areas where improvements could be made would include: 
 The assumption that the shape of long bones between subjects does 
not vary with age needs further scrutiny.  
 Our bone detection method might be improved by using different 
thresholds at different locations, and a density histogram could be used 
to help decided the proper threshold.  
 Avoid interference of other structures by 
－Checking ROI continuity from slice to slice to exclude the femur or 
other bones and then use the farthest slice from the continuity check as 
styloid. 
－Use a mask with the same shape but a larger size based on the outline 
of the former slice and search for the ROI within the mask area in the 
next slice. This could improve the accuracy and reduce the running 
time. 
 Additional data sets from different age groups should be used to better 
calibrate the detection parameters and the age pattern. 
 The calibration-phantom detection system might be improved and 
made to work for titled calibration phantoms. 
 A more automated method might be established with even less manual 
input.  
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